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Technical improvements in planning and dose delivery and in verification of patient
positioning have substantially widened the therapeutic window for radiation treat-
ment of cancer. However, changes in patient anatomy during the treatment limit
the exploitation of these new techniques. To further improve radiation treatments,
anatomical changes need to be modeled and accounted for. Non-rigid registration
can be used for this purpose. This paper describes the design, the implementation
and the validation of a new framework for non-rigid registration for radiotherapy
applications. The core of this framework is an improved version of the Thin Plate
Splines Robust Point Matching (TPS-RPM) algorithm. The TPS-RPM algorithm
estimates a global correspondence and a transformation between the points that rep-
resent organs of interest belonging to two image sets. However, the algorithm does
not allow for the inclusion of prior knowledge on the correspondence of subset of
points and therefore, it can lead to inconsistent anatomical solutions. In this paper
TPS-RPM was improved by employing a novel correspondence filter that supports
simultaneous registration of multiple structures. The improved method allows for
coherent organ registration and for the inclusion of user defined landmarks, lines
and surfaces inside and outside of structures of interest. A procedure to generate
control points form segmented organs is described. The framework parameters r and
λ, which control the number of points and the non-rigidness of the transformation
respectively, were optimized for three sites with different degrees of deformation:
head and neck, prostate and cervix, using two cases per site. For the head and neck
2cases, the salivary glands were manually contoured on CT-scans, for the prostate
cases the prostate and the vesicles, and for the cervix cases the cervix-uterus, the
bladder and the rectum. The transformation error obtained using the best set of
parameters was below 1 mm for all the studied cases. The length of the deformation
vectors were on average (± 1 standard deviation) 5.8 ± 2.5 and 2.6 ± 1.1 mm for
the head and neck cases, 7.2 ± 4.5 and 8.6 ± 1.9 mm for the prostate cases, and 19.0
± 11.6 and 14.5 ± 9.3 mm for the cervix cases. Distinguishable anatomical features
were identified for each case, and were used to validate the registration by calculating
residual distances after transformation: 1.5 ± 0.8, 2.3 ± 1.0 and 6.3 ± 2.9 mm for
the head and neck, prostate and cervix sites respectively. Finally, we demonstrated
how the inclusion of these anatomical features in the registration process reduced
the residual distances to 0.8 ± 0.5, 0.6 ± 0.5 and 1.3 ± 0.7 mm for the head and
neck, prostate and cervix sites respectively. The inclusion of additional anatomical
features produced more anatomically coherent transformations without compromis-
ing the transformation error. We concluded that the presented non-rigid registration
framework is a powerful tool to simultaneously register multiple segmented organs
with very different complexity.
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3I. INTRODUCTION
Modern radiation treatment (RT) techniques allow for planning and delivery of complex
dose distributions, making an increase of the dose to target volumes and a better sparing of
normal tissue possible. However, anatomical changes in patients limit the benefits of these
techniques. For example, tumor shrinkage, organ deformation and internal motion introduce
deviations between the planned and actually received dose, potentially causing underdosage
of the target volumes and overdosage of organs at risk1–6. Thus, in order to fully exploit the
advantages of modern RT techniques, anatomical changes need to be managed, among others
by tracking them using non-rigid registration techniques. In non-rigid registration, two data
sets (such as computed tomography (CT) scans, magnetic resonance imaging (MRI) scans,
etc...) are aligned by finding a correspondence and a non-rigid transformation between
elements in the two sets7–9. The computed transformation can be used to investigate and
assess organ motion and deformation10,11, to determine suitable margins that encompass the
whole extent of organ motion12,13, to perform automatic segmentation or delineation14–18
and to map dose distributions to a common frame of reference18,19.
One way to register the elements in the two data sets is by using the intensities in the
images (CT or MRI scans)20–23. Unfortunately, the use of intensity-based non-rigid regis-
tration is limited by poor contrast between different structures or organs (especially for CT
scans), the presence of artifacts in the images and the absence of overlap between structures
in the reference and the deforming set. To overcome these problems, approaches using spe-
cific features in the image rather than the intensity values themselves are often used24–28.
In general, these features are segmented by hand or automatically following the intensity
gradients wherever possible. Most feature-based approaches rely on correspondence defined
beforehand between features, either manually or automatically. The most common approach
is to use single points, or landmarks, representing the same features in the two scans. Manual
localization of landmarks is a tedious work and prone to errors, which in practice translates
to a limited number of landmarks being identified. There are also attempts to automati-
cally identify landmarks, for example, by automatically identifying curvatures25,26. However,
this approach is not feasible in structures or organs with large deformations where no clear
curvatures can be identified or are conserved.
We propose a novel approach, or framework, for non-rigid registration in which corre-
4spondence is automatically estimated and optimized. Furthermore, the framework supports
multiple structures being registered simultaneously and allows the inclusion of user-defined
landmarks or even features such as lines or surfaces inside and outside the structures of
interest. The heart of this approach is an improved version of the non-rigid registration
method originally presented by Chui et al.29, which formulates feature-based non-rigid reg-
istration as a non-rigid point matching problem. The original non-rigid registration method
automatically estimates the correspondence between the points in two sets, i.e. the reference
and the deforming set, and based on the estimated correspondence, calculates a non-rigid
transformation function. The correspondence and the transformation between the point
sets are iteratively optimized. Note that in the original method, the correspondence esti-
mation is global, allowing all points in the sets to correspond among each other. In other
words, it does not allow to include knowledge on the correspondence between subsets of
points, for example subsets representing the same structure or organ. We solved this issue
by introducing a filter that eliminates correspondence between points belonging to different
structures, and thereby adapted the method to produce a global transformation for multi-
ple structures. Furthermore, this filter also made possible the inclusion of selected points
or lines representing anatomical features whose correspondence is known beforehand. The
non-rigid transformation obtained can be applied to any point, allowing the transformation
of any spatial data such as CT- images and dose distributions.
This framework has been successfully used in two recent studies. The first study
quantified treatment-related local anatomical changes in a group of 10 oropharynx can-
cer patients10. A second study analyzed the deformation of the prostate and the seminal
vesicles in prostate cancer patients to investigate the potential margin reduction allowed by
on-line corrections based on intraprostatic fiducial markers13 .
In the current paper, the framework for non-rigid registration is fully described, tested and
anatomically validated. Within this scope, it was applied to three sites commonly treated
with radiotherapy presenting different degrees of deformation: head and neck, prostate and
cervix. The framework parameters r, which regulate the number of control points, and λ,
which controls the non-rigidness of the transformation, were optimized for the three sites,
using two cases per site. The accuracy of the registration was assessed by different measures:
the distance between the reference and transformed surfaces as an estimate of the transfor-
mation error, and the difference between the back-transformation and forth-transformation
5as an estimate of the transformation consistency. To validate the correspondence, anatom-
ical landmark points and lines were identified for the different cases in the reference and
deforming images, and their mismatch after the registration was measured. Finally, we
demonstrated the flexibility of the framework by including these landmark points and lines
in the registration process, to produce more anatomical coherent transformations.
II. METHODS AND MATERIALS
A. Patient Data
In order to illustrate the versatility of the framework, three sites with different degrees
of deformation were included in this study. A total of six example cases were analyzed, two
cases per site. For each case two CT scans were used. The CT scans were pre-matched
using bony anatomy in the region of interest. The structures of interest were manually
delineated on axial CT scans. To obtain consistent contours in the CT scans pairs, the CT
scan first contoured was used as a reference to delineate the second scan, and all contours
were reviewed by a second observer.
For two oropharynx cancer patients, two CT scans were used: the scan used for planning
and a repeat scan after 46 Gy, both acquired with intravenous contrast. The structures
of interest were the parotid and submandibular glands. For two prostate cancer patients,
two CT scans were used: the scan used for planning and a repeat scan. In each scan, the
prostate and vesicles were manually delineated and merged into a single structure. The
patients had four gold markers implanted in their prostate. For one cervix patient, three
CT scans were acquired at different treatment days. In one CT scan the bladder was full,
in another partially filled and in the last one empty. The bladder filling changes induced
large deformations of the cervix-uterus. We defined two example cases: (1) partially filled
vs. empty and (2) partially filled vs. full. The structures of interest were the bladder, the
rectum and the cervix-uterus.
B. Non Rigid Registration Framework
The framework contains a method for generating control points from segmented structures
and the non-rigid registration method, which was modified to handle multiple structures.
6Figure 1 shows a schematic of the framework. The following sections describe each of the
framework components in detail.
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FIG. 1: Schematic of the framework. The components of the framework are enclosed by a dashed
line. The heart of the framework is the non-rigid registration method presented in the gray area.
1. Generation of control points
Surfaces for each structure of interest were built by joining contours in consecutive slices
with triangles. The points defining the triangles of the surfaces lie on consecutive planes,
i.e. the axial CT slices. In the axial planes, the contour points do not follow any particular
distribution. The heterogeneous point distribution in the space is not desirable in the non-
rigid registration process, since the correspondence between irregularly spaced points can
be problematic and error prone, and the thin plate splines work better when homogeneous
7or pseudo-homogeneous points are used30. Therefore, new points pseudo-homogeneously
spread on the triangles were generated. Figure 2 illustrates the process for a simple case.
First, triangles that degenerated to lines or points (two or more points are at the same xyz-
position) were removed. Then, the triangles defining the surface were refined (fig. 2b). The
triangles with an edge length larger than a given threshold were divided in two triangles. The
edge dividing procedure was recursively repeated until all the triangles had their edge length
smaller than the threshold. We used threshold values of 1.5, 1.5 and 3 mm for the head
and neck, prostate and cervix cases, which resulted in a surface with triangles of roughly
uniform size. A small threshold value is required to produce a pseudo-homogeneous point
distribution. However, due to the small threshold value, the number of points exceeded the
available computational resources. Therefore, we reduced the number of points using an
iterative procedure. In this procedure, first a starting point is chosen to be the center of
a sphere with radius r (fig. 2c). All points that lie inside the sphere are replaced by the
centroid of these points. The procedure is repeated with the remaining points until there
are no more points left. The set of centroids is then used as control points (fig. 2d). The
radius of the sphere r, determines the density of the resulting point set and consequently the
number of control points. The described process was applied to each structure separately.
2. Non Rigid Registration Method
The original method, known as TPS-RPM and developed by Chui et al.29, formulates
feature-based non-rigid registration as a non-rigid point matching problem. The goal is
to find an optimal correspondence and transformation between two point sets, namely the
reference point set, containing n points, and the deforming point set, containing k points.
Note that n and k are usually different, and a one-to-one correspondence between the points
is not expected.
Solving the correspondence and the transformation simultaneously is difficult, if not im-
possible. However both problems have an optimal solution when one of them is held fixed.
Therefore the use of an iterative scheme is suitable. The process starts by estimating the
correspondence between the point sets. Next, based on the estimated correspondence, the
non-rigid transformation is calculated, and then applied to the deforming point set. A
new iteration starts by estimating the correspondence between the newly transformed de-
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FIG. 2: Schematic showing the process to generate control points on a small part of a surface.
Dashed lines represent the contours on two consecutive slices. (a) Triangles joining the original
contours points. (b) Refined triangles. (c) Spheres used to group points using density radius r.
(d) Generated control points shown as dotted circles.
forming points and the reference point set, after which the transformation is recalculated.
The process is driven by a numerical technique known as deterministic annealing, which
helps to avoid local minima. The annealing technique introduces a temperature variable
T which starts at a high value (Tinitial), and decreases over time using an annealing rate
(Tk = ra×Tk−1), until it reaches a final temperature Tfinal. The common range for the anneal-
ing rate ra is between 0.9 and 1. We used ra equal to 0.93 in our current implementation
31.
Since the number of points in the two point sets is usually not the same, the corre-
spondence between the different points is not binary (or one-to-one), but fuzzy. The fuzzy
correspondence32,33 allows a point in the deforming set to correspond to more than one point
in the reference set and vice versa. In the current implementation a technique called soft-
assignment was used34. The correspondence is represented by an n × k matrix m, where
the value of mi,j, i = 1..n and j = 1..k, represents the degree of correspondence between
two points pi and qj in the reference and deforming set respectively. The values in m are
restricted to be between zero and one. A value mi,j close to zero stands for a weak correspon-
dence between points pi and qj. A value mi,j close to one represents a strong correspondence
9between points pi and qj. The values mi,j depend on the distance between the points and the
current temperature value T (see figure 3). In the first iterations the temperature T is high
and the correspondence mi,j between the points pi and qj is barely influenced by the distance
between each other (see highest temperature figure 3). In these early stages, all points are
allowed to weakly correspond to each other. With each new iteration the temperature T is
decreased and the distance between points starts to dominate the correspondence, to finally
allow only points that are in a close proximity to correspond (lowest temperature in figure
3). We refer to Chui et al.29,31 for details about computing m.
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FIG. 3: Schematic showing the relation between correspondence and distance with varying tem-
perature. The distance between two points pi and qj , belonging to the reference and deforming
control points set respectively, is (schematically) shown on the horizontal axis. The correspondence
value between these points, mi,j , is shown on the vertical axis. Note that the correspondence value
is barely influenced by the distance between the points when the temperature is high (thick and
light line), while it decreases rapidly with the distance for low temperatures.
Since no binary one-to-one correspondence is expected to exist between the two point sets,
the temperature is not decreased to zero, as in conventional annealing schemes. Instead, the
final temperature Tfinal is equal to the mean square distance between the nearest neighbors
of the deforming points31. The initial temperature Tinitial should be high enough to allow
all points in the two point sets that belong to the same structure to correspond to each
other. In this implementation, Tinitial was set to be the length of the diagonal of the box
that bounds the largest structure.
The non-rigid transformation is modeled by thin plate splines (TPS)29,31. To determine
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the transformation function the following energy function is minimized:
min
f
E(f) = min
f
k∑
j=1
‖yj − f(qj)‖2 + λT‖Lf‖2 ,
where yj =
∑n
i=1 mi,j pi, mi,j is the correspondence matrix, pi are the reference points
(i = 1..n), qj are the deforming points (j = 1..k), λ is a weight parameter, T is the current
temperature of the deterministic annealing, and ‖Lf‖2 is the smoothness measure of f using
the operator L. When the space integral of the square of the second order derivatives of f
is used as the operator L, the function that minimizes the energy function is a TPS, in the
form
f(x) = φ(x) · c+ x · d ,
where c is a k×4 matrix of warping or non-rigid coefficients, d is a 4×4 affine matrix and φ(x)
is a 1× k vector related to the TPS kernel35,36. Each element of φ(x) is related to the point
qj, by φj(x) = ‖qj − x‖. The weight parameter λ controls the degree of deformation of the
transformation function, and it is annealed using the general annealing rate (λk = ra×λk−1).
By annealing λ, it is possible to obtain a registration from a mainly affine transformation
to a non-rigid one gradually. We refer to Chui et al.29,31 for further details.
3. Correspondence Filtering
All structures are registered simultaneously. Note that points of different structures that
lie in close proximity may develop a high correspondence during the process. An incorrect
correspondence would misguide the transformation leading to unacceptable results. To avoid
any correspondence between points of different structures, the correspondence matrix m was
replaced by a filtered matrix mfiltered defined by
mfilteredi,j =
mi,j if pi and qj belong to the same structure,0 otherwise.
In order to implement this filtering, we associated to each point an index that defined
the structure it belongs to. The condition “belong to the same structure” was simply tested
by checking whether index(pi) was the same as index(qj).
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4. Forth-transformation and back-transformation
Every registration included two transformations, a forth-transformation (fT ) and a back-
transformation (bT ). The forth-transformation is found by registering the deforming set to
the reference set. Likewise, the back-transformation is calculated by reversing the role of
the points, and registering the reference set to the deforming set. The average length (and
standard deviation) of the deformation vectors was calculated and reported. To limit the
number of values reported and increase readability, the length of the vectors of the back-
transformation and forth-transformation was averaged.
C. Parameter Tuning
Two important parameters in the non-rigid registration framework are the density radius
r for the generation of the point set (figure 2) and the initial value of λ used to calculate
the transformation function.
The control point density determines how much detail is included in the transformation.
Few points will be enough to estimate a general pose of the structures. More points will allow
fine details to be registered. However, more points also use more computational resources
and time.
The λ parameter controls the degree of deformation that a transformation can achieve.
An large initial value for λ will restrict the transformation to mostly affine, while an initial
value for λ close to zero will allow more flexible deformations. From now on, we refer to the
initial value of λ as λ.
These two parameters were tuned for the sites investigated. The distance between the
transformed and the reference surfaces was used as a measure of the transformation error
(see section II D for details). The error was presented as a function of the density radius r
and λ.
D. Transformation error
To assess the accuracy of the resulting transformation, we quantified the mismatch be-
tween the transformed deforming surface and its reference surface. These surfaces represent
the boundary of the real structures. First, we created refined surfaces to obtain sufficient
12
detail by using 2.5, 2.5, and 5 mm as threshold values for the head and neck, prostate and
cervix cases respectively in the edge dividing procedure described in section II B 1. Then,
the transformed deforming surface was obtained by applying the computed transformation
to the refined deforming surface. Next, to quantify the mismatch between the transformed
deforming surface and its reference surface, the distance between these surfaces was mea-
sured. To calculate the distance between the surfaces, we computed the distance between
each point p in the transformed refined surface to the closest triangle in the non-refined
reference surface (see figure 4). We reported the mean distance and its standard deviation.
To limit the number of values reported and to increase readability, the transformation error
values were averaged over the forth-transformation and back-transformation. The consis-
tency between the forth-transformation and back-transformation was assessed separately
(see next section).
Transformed surface
(refined)
Reference surface
(non−refined)
FIG. 4: Calculating the distance between a transformed deforming surface (refined) and the refer-
ence surface (non-refined). The solid points represent projected points that fall inside the closest
triangle. Notice that the projection is orthogonal to the triangle plane of the non-refined surface.
The empty circles represent points that fall outside the closest triangle. For these points, the
distance is defined as the shortest distance to the triangle edges.
E. Transformation consistency
There is no explicit drive in the method that makes the back-transformation (bT ) to be the
inverse of the forth-transformation fT , but since the input points are the same, this behav-
ior may be expected. In practice, only the forth-transformation or the back-transformation
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is used in clinical applications, but to determine the consistency of the transformation we
assessed the differences between the forth-transformations and back-transformations. In de-
tail, a point p (belonging to the surface) is transformed by fT , p′ = fT (p). The transformed
point p′ is then transformed back by bT (p′) = p′′ . The distance d between p and p′′ for each
point on the deforming and reference surface was calculated and their mean and standard
deviation are reported. Note that d also accounts for surface misalignments due to transfor-
mation inaccuracy (see section II D). When fT and bT are inverse functions of each other
and the transformation error is zero, p and p′′ are mapped to the same position, and d is
zero. We reported the mean distance d and its standard deviation.
F. Correspondence of anatomical features
Anatomical correspondence is a prerequisite for some specific applications of non-rigid
registration, such as dose accumulation and quantifying anatomical changes. The trans-
formation error and consistency do not quantify to what extent anatomical features in the
deforming CT scan are transformed to the same anatomical features in the reference CT
scan. To validate anatomical correspondence, anatomical features represented as points and
lines were identified for the different cases. Using the transformation found with the den-
sity radius r and λ that produced the lowest error in the parameter tuning, the residual
distances between the transformed deformed anatomical features and the reference features
were calculated and reported.
Anatomical features were manually or automatically identified. Figure 5 shows the
anatomical features on the first head and neck, prostate and cervix cases. For the head
and neck cases, a line was manually drawn in the middle point of the interface between the
parotid gland and the mandible and styloid process. In addition, the top and bottom of the
parotid and submandibular glands were automatically found by choosing the center of mass
of the 5% highest and 5% lowest points. For the prostate case, the start and end points of
three gold markers and the tips of the vesicles were manually identified. Each gold marker
was represented as a line segment joining the start and end point. The apex was automati-
cally identified in the same way as the bottom of the parotid and submandibular glands in
the head and neck case. For the cervix cases, the midline of the uterus was automatically
segmented using distance maps. The patient had four calcifications in the cervix, close to
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the cervix’ surface. These calcifications, as well as the tip of the uterus and the top of the
bladder were manually defined. The bottom of the bladder was defined in the same way as
the bottom of the parotid and submandibular glands in the head and neck case. For the
rectum no landmarks were defined, since no unmistakable points could be identified.
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FIG. 5: Anatomical features per site. Reference points and lines are shown in black, deforming
points and lines are shown in gray. The images show the original overlap between deforming and
reference sets: surfaces, lines and points. The lines represent the mandible - parotid gland and
styloid process - parotid gland interfaces in the head and neck case, the gold markers in the prostate
case and the uterus midline in the cervix case.
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G. Inclusion of anatomical features in the registration
We performed non-rigid registrations including the anatomical features identified in the
previous section. The anatomical features were used to guide the non-rigid registration
locally to achieve a more coherent transformation. Each anatomical feature was included in
the control point set as a different structure with a unique index. Using the transformation
obtained, residual distances between the transformed deformed anatomical features and the
reference features were calculated and reported. The residual distances cannot be used as
an independent validation for this registration as they were part of the registration process
itself. Nevertheless, we reported them since the residual distances are not necessarily zero.
In a non-regularized TPS transformation the residual distances would be zero, but in the
current TPS implementation the degree of deformation of the transformation is regulated
by λ. For example, a large value for λ restricts the transformation to be mostly affine and
would align the structures globally. This would result in a mismatch of the anatomical
features for non-rigidly deforming organs. The transformation error and the transformation
consistency were reported as well for the registration including anatomical features.
III. RESULTS
A. Correspondence Filtering
Figure 6 shows the difference between the original registration (m is not filtered) and our
adapted method (m is filtered). The circles show the problematic areas that were wrongly
mapped using the original method, and that were correctly mapped using our adapted
method. For the head and neck case, the lower area of the parotid gland was mapped to
the upper area of the submandibular gland. For the cervix case, areas in the rectum were
wrongly mapped to the cervix and uterus, and the upper area of the uterus was wrongly
mapped to the upper area of the bladder. By filtering m during the registration, all the
structures in the head and neck and cervix cases were handled correctly.
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FIG. 6: Head and neck and cervix examples showing the effect of filtering the correspondence
matrix. The reference and transformed surfaces are drawn in transparent and solid color respec-
tively. Next to the surfaces, parts of axial CT images are shown, where the reference contours are
presented as shadows, and the transformed contours are presented by solid lines. The first column
shows the results of the original method, which does not filter the correspondence matrix m. The
circles point out the wrong mapping between different structures. The second column shows the
results of our adapted method, which filters the correspondence matrix m.
B. Parameter Tuning
A total of 312 registrations, that resulted in 624 back and forth transformations, were
performed for parameter tuning, and the results are presented in figure 7. The transforma-
tion error, defined as the mean distance between the transformed and reference surfaces, was
smaller than 1 mm for all the cases. The transformation error for the head and neck and
prostate cases presented a shallow minimum as a function of λ. The lowest transformation
error ranged between 0.4 and 0.5 (standard deviation ranged between 0.3 and 0.4) mm for λ
between 0.05 and 0.7. As expected, the transformation error reduced with decreasing den-
sity radius, producing the lowest transformation error for r = 5 mm. For the cervix cases,
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the lowest transformation error was 0.6 ± 0.5 mm (partial vs. empty) and 0.5 ± 0.4 mm
(partial vs. full), for r = 8 mm and λ around 0.1. The density radius r and λ parameter
values that were used in the rest of the analysis are shown as red squares in figure 7.
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FIG. 7: Transformation error as a function of the density radius r and λ for all cases. Each
graph shows the average of the back-transformation error and forth-transformation error, which
was below 1 mm. The open and solid circles show the tested parameter values and the associated
transformation error. The square indicates the parameters chosen for the rest of the analysis.
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C. Registration results
Figure 8 shows the results of the registration of the first head and neck, prostate and
cervix case. The average length of the deformation vectors was 5.8 ± 2.5 mm (range 0.4 -
15.7 mm) and 2.6 ± 1.1 mm (range 0.1 - 6.6 mm) for the first and second head and neck
case; 7.2 ± 4.5 mm (range 0.9 - 19.9 mm) and 8.6 ± 1.9 mm (range 4.5 - 16.9 mm) for the
first and second prostate case, and 19.0 ± 11.6 mm (range 0.6 - 49.7 mm) and 14.5 ± 9.3
mm (range 0.2 - 42.3 mm) for the partial vs. empty and partial vs. full case. The total
number of control points was on average 1362, 975 and 2282 for the head and neck, prostate
and cervix cases, and their registration took on average 30, 17 and 116 minutes respectively.
1. Transformation consistency
By comparing the forth-transformation fT and back-transformation bT for the different
values of density radius r and λ, we noticed that the transformation consistency worsened
as λ decreased. For large λ values where the transformation is mostly affine, the consistency
worsened again. These transformation were unacceptable, and they showed very large the
transformation errors (see cervix case on figure 8, large λ, small r). In general terms, the
consistency was better (smaller value) for more affine transformations than for more non-
rigid transformations. The consistency of the transformation generated with the density
radius r and λ that produced the lowest error, was similar for the head and neck and
prostate cases: 1.7 ± 1.5 mm and 1.4 ± 1.2 mm for the first and second head and neck cases
and 1.6 ± 1.4 mm and 1.0 ± 0.7 mm for the first and second prostate cases respectively.
The transformation consistency for the cervix cases was larger, 4.6 ± 3.5 mm and 4 ± 3.6
mm for partial-empty and partial-full cases respectively.
D. Anatomical correspondence
Figure 9 and tables I, II and III show the registration results for the point and lines that
were identified as anatomical corresponding features. The tables list the residual distances
between the transformed deformed anatomical features and the reference features for the
normal registration and the complemented registration. They also list the original distance
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FIG. 8: Registration results. Reference surfaces are shown in transparent colors, deforming surfaces
are shown in solid colors. Note that the three cases are presented in different scales. First column
shows the original overlap between deforming and reference surfaces. Second column shows the
overlap between transformed deforming surface and reference surface. Third column shows the
deformation vectors where, for visualization purposes, the structures were separated.
between the deforming and reference features.
The residual distances between the landmarks after registration varied for the different
sites. For the first head and neck case, all the residual values were below 3 mm, except for
the top point in the right submandibular (3.8 mm). The residual distances of the second
head and neck case were all below 2 mm. Most residual distances for the prostate cases
were below 3 mm, except for the vesicle tips (up to 3.7 mm). Notice that the gold markers
in the first prostate case were already very close after the rigid bone matching (around 2
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FIG. 9: Differences between the registration including and not including anatomical features.
Reference points and lines are shown in black, deforming points and lines are shown in gray.
The original sets are shown in figure 5. The first and second columns show the overlap between
the transformed deforming set and the reference sets using the transformations resulting from
not including and including anatomical features respectively. The lines represent the mandible -
parotid gland and styloid process - parotid gland interfaces in the first row, the gold markers in
the second row and the uterus midline in the last row.
mm apart), opposite to the second case where the markers were relatively far from each
other (around 6 mm). The order of magnitude of the residual errors is larger for the cervix
cases. The residual errors for the partial vs. empty bladder filling case for the cervix, varied
between 2.6 and 11.2 mm. The residual errors of the uterus tip and bladder top were the
largest, above 10 mm. The partial vs. full bladder filling case varied between 5.0 and 11
mm. The largest error was found in one of the calcifications.
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E. Inclusion of anatomical features in the registration
As expected, all the residual distances reduced for the registrations that included the
anatomical landmarks. For the first head and neck case, the residual distance was below 2
mm, except for the top point of the right submandibular gland. For the second head and
neck case, the residual distance was below 1 mm. All the residual errors for the prostate
cases reduced to below 1.5 mm. Most of the residual errors for the cervix cases were below
2 mm, except for the top point of the bladder in the partial vs. empty bladder filling case
(2.5 mm) and one of the calcifications in the partial vs. full bladder filling case (2.8 mm).
The transformation error was not compromised by including anatomical features in the
registration. The transformation error was below 1 mm for all cases, 0.5 ± 0.4, 0.4 ± 0.3
mm for the first and second head and neck cases, 0.4 ± 0.3, 0.4 ± 0.3 mm for the first and
second prostate cases and 0.6 ± 0.5, 0.5 ± 0.4 mm for the cervix cases. The transformation
consistency, which showed a slight improvement, was 1.4 ± 1.3, 1.0 ± 0.8 mm for the first
and second head and neck cases, 1.4 ± 1.3, 0.9 ± 0.8 mm for the first and second prostate
cases and 4.3 ± 3.0, 3.6 ± 2.6 mm for the cervix cases.
IV. DISCUSSION
The described framework estimates the correspondence as part of the registration pro-
cess. This is an important difference with the currently available feature-based registration
methods in radiotherapy. Brock et al.26 relied on the curvature of the structures to deter-
mine points of correspondence that were used to calculate the non-rigid registration. Schaly
et al.27 generated corresponding points and applied thin-plate splines to find the non-rigid
transformation, assuming that in-plane or out of plane rotations are negligible. Kaus et al.24
created corresponding points by adapting a generated surface from the reference organ to
the deformed organ. However, all these methods rely on a correspondence that is known
before the registration starts, and a fixed correspondence, if it is not rightly set, can be a
source of error in the registration. The only attempt to dynamically adjust the correspond-
ing points was made by Liang and Yan28. They tried to cope with the uncertainty related
to the correspondence between points by iteratively changing the location of the points by
minimizing a strain energy function obtained from a FEM simulation. The limitation with
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TABLE I: Distance between anatomical lines and points for the head and neck cases. Orig: Original
distances after rigid bone match. AfterR: Residual distances after transformation (not including
anatomical features). AfterR+A: Residual distances after transformation (including anatomical
features).
Residual distances after transformation in mm
Case 1 Case 2
Anatomical features Orig AfterR AfterR+A Orig AfterR AfterR+A
Left Parotid
Mandible line 2.7 1.3 0.4 0.9 1.6 0.4
Styloid process line 0.8 1.0 0.3 0.7 1.0 0.4
Top 6.1 2.7 1.6 1.7 0.7 0.4
Bottom 4.6 0.9 0.5 3.8 0.5 0.6
Right Parotid
Mandible line 1.3 2.2 0.4 0.9 0.9 0.3
Styloid process line 0.5 1.3 0.3 0.8 1.5 0.3
Top 3.6 0.6 1.6 1.2 1.6 0.7
Bottom 8.8 1.2 1.0 1.2 1.3 0.6
Left Submandibular
Top 10.7 2.1 1.4 1.3 0.6 0.4
Bottom 6.2 2.3 1.3 3.9 0.9 0.6
Right Submandibular
Top 6.3 3.8 2.2 1.5 0.8 0.4
Bottom 6.1 2.6 1.0 4.3 1.7 0.8
this last approach is that it relies on one-to-one correspondence. Our framework uses the
method described by Chui et al29, where the correspondence is fuzzy, allowing the registra-
tion of n vs. k points, and is refined progressively during the process. Our new approach
of filtering the correspondence matrix, based on structure correspondence, is essential when
more than one structure is being processed simultaneously (figure 6).
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TABLE II: Distance between anatomical lines and points for the prostate cases. Orig: Original
distances after rigid bone match. AfterR: Residual distances after transformation (not including
anatomical features). AfterR+A: Residual distances after transformation (including anatomical
features).
Residual distances after transformation in mm
Case 1 Case 2
Anatomical features Orig AfterR AfterR+A Orig AfterR AfterR+A
Prostate
Gold marker 1 2.5 2.7 0.1 6.7 1.3 0.1
Gold marker 2 1.3 1.8 0.2 6.1 3.0 0.3
Gold marker 3 1.7 1.3 0.2 6.1 1.8 0.1
Apex 1.6 1.5 0.5 6.2 1.4 0.5
Vesicles
Left Tip 6.7 2.0 0.6 14.9 3.7 1.5
Right Tip 5.3 3.4 1.4 17.3 3.6 1.3
Using the density radius r and λ that produced the lowest transformation error, the
framework yielded reasonable transformations when only the surface of the structures was
included in the process. Validating the method is difficult, since there is no golden standard
to compare the results with. We measured the residual distances between corresponding
anatomical features (tables I, II and III; see the ‘AfterR’ columns to compare the results
with other studies). Similar approaches to validate non-rigid registration methods have
been used in the past. Brock et al26 validated their method by tracking visible bronchial
and vessel bifurcations in lung and liver, and reported an error of 1.9, 2.8 and 1.7 mm in
the left-right (LR), anterio-posterior (AP) and inferior-superior (IS) directions respectively.
Kaus et al24 measured the accuracy of their approach by tracking implanted gold markers in
the prostate, and reported standard deviation of the errors of 1.6, 2.3 and 2.5 mm for LR,
AP and IS directions respectively. Schaly et al.27 measured the residual distance between
markers in the prostate and vesicles and reported an average registration error of 3.0 mm.
Our results are comparable (average 3D error of 2.1 and 2.5 mm for the first and second
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TABLE III: Distance between anatomical lines and points for the cervix cases. Orig: Original
distances after rigid bone match. AfterR: Residual distances after transformation (not including
anatomical features). AfterR+A: Residual distances after transformation (including anatomical
features).
Residual distances after transformation in mm
Case 1: Partial-empty Case 2: Partial-full
Anatomical features Orig AfterR AfterR+A Orig AfterR AfterR+A
Uterus
Mid-line 24.3 5.7 0.5 12.0 5.0 0.4
Tip 48.8 10.1 1.9 22.1 7.6 1.5
Calcification 1 5.4 3.2 0.9 4.9 6.5 1.3
Calcification 2 8.7 4.7 0.5 4.8 8.5 1.6
Calcification 3 7.5 3.2 0.7 3.4 11.0 2.8
Calcification 4 3.6 3.2 0.9 4.1 5.0 1.2
Bladder
Top 45.5 11.2 2.5 26.3 8.5 1.9
Bottom 2.1 2.6 0.5 3.0 5.1 1.7
prostate case, not including the anatomical features in the registration). Notice that all
these methods use a fixed correspondence set beforehand.
In the current study, the non-rigid registration framework was applied to three differ-
ent sites. For all the studied sites, the density radius r that yielded the lowest error was
the smallest density radius tested (5, 5 and 8 mm for head and neck, prostate and cervix
sites respectively). A smaller density radius, would probably further reduce the transfor-
mation error, but would lead to an unacceptably high computational time. Furthermore,
the achieved accuracy of 0.6 mm is acceptable for clinical applications. At present, the
transformation obtained is applied in regions close to the structures or landmarks. The use
of the transformation far from the region of interest is not yet tested nor validated. To use
the current method for such an application, further research is needed.
Intraobserver variation in delineations plays an important role in the accuracy of the
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non-rigid registration. Every mistake that is made when delineating propagates in the
method, since the delineated structures are the only visible information used by the frame-
work. Including complementary information, such as internal structures clearly visible or
automatically extracted features near or around the delineated structures could minimize
the effect of delineation uncertainties.
The values presented in the first column (’Orig’) in tables I, II and III serve as a reference
of the initial mismatch between anatomical features. However, these values are, to a certain
extent, arbitrary since they depend on the pre-registration used. In our study, the pre-
registration was rigid and based on bony anatomy in the region of interest. If a different
pre-registration, e.g. based on golden markers, or no pre-registration had been used, the
initial mismatch values could have been completely different.
For the cervix cases, the λ parameter played an important role in finding the lowest trans-
formation error. In order to reach a deformation with an acceptable transformation error,
the transformation has to be able to achieve a minimum flexibility to register the organs.
In this study we found an appropriate λ by testing different values per case. However, this
approach is for clinical applications not practical because of the large number of registrations
that has to be performed. A possible alternative is to estimate λ based on the amount of
overlapping between the input structures, with tools such as the Jaccard index or the dice
coefficient, but further experimentation and research is needed. A practical approach is to
use a constant λ value per site. Previous studies10,13 have used such an approach. Care has
to be taken if the inter-patient variability in shape and deformation is large, as the use of
an inappropriate λ value could render unacceptable results.
Including complementary a-priori information in the process did not require any modifica-
tion in the existing framework and resulted in a more anatomically coherent transformation.
When the anatomical landmarks were included, the residual distances reduced on average
to less than 1 mm for the head and neck and prostate cases and 1.6 mm for the cervix cases.
The largest residual distances for the cervix cases were found for the calcifications, which
were close to the surface. Notice that due to the proximity, the surface points compete in the
registration with each calcification point. Consequently, the influence of a single anatomical
point within close proximity to the surface is not enough to reduce the residual distances to
the submillimiter range.
The registration including anatomical features was not independently validated. Error
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measures such as the transformation error and transformation consistency were calculated,
and their values hardly changed. In order to independently validate this registration, addi-
tional landmarks should be identified. However, these extra landmarks could not be identi-
fied in the CT scans. To obtain additional independent landmarks other imaging modalities
could be applied, e.g. MR imaging. Many of the anatomical landmarks were manually
identified, such as the tip of the uterus. The identification of these anatomical landmarks
depends on the observer’s interpretation and on image quality. The uncertainty in the
location of the landmarks is a possible source of error.
In this study we included anatomical landmarks in the form of points and lines. Points
were used to represent locations for which correspondence was clear, such as the vesicle tips
in the prostate cases. Lines were used to indicate the interface between bony anatomy and
glands for the head and neck cases, the midline of the cervix-uterus in the cervix cases and
the gold markers in the prostate cases. Lines can also be used to represent veins, arteries,
foldings, air conducts, etc. Also open or partial surfaces representing structures that are
not completely included in the region of interest, such as skin, bony anatomy, etc, can be
included in the process by sampling their area with points, by using the procedure illustrated
in figure 2. Each of these points, lines or open surfaces is considered a different organ when
filtering the correspondence matrix, therefore the points that make up a line or open surface
do not require one-to-one correspondence. Moreover, there is no restriction on whether the
points, lines or open surfaces are on the surface, inside or outside of the structures. In this
study we identified anatomical landmarks on CT scans. However, the advantages of this
method can be exploited even more when images with better soft tissue contrast, such as
MRI scans, are used to identify the anatomical landmarks.
The framework in its current state has a limited use for online corrections, since the
computational times are large (17 minutes for around 900 points, prostate cases). How-
ever, there is room to optimize the code. On the other hand, the number of points plays
a very important role in the computational time. Literature has shown that thin plate
spline works best when homogeneously spread data is used30. In the current study a semi-
homogeneously spread set of points was generated on the surface. In this way, all parts of
the surfaces are equally represented for the non-rigid registration. Nevertheless, adaptive
point generation37,38, where critical areas that need more detail get denser point clouds than
areas that are less critical for the registration, may yield good results in the registration and
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may also reduce the computational time when less points are needed.
V. CONCLUSION
The results demonstrate that our non-rigid registration framework is an effective method
to simultaneously register anatomical changes of multiple organs with very different magni-
tudes and complexity. Moreover, a global transformation, which is locally more anatomically
coherent is produced when anatomical features are added to the registration. The inclusion
of additional features is fully supported by our novel flexible framework.
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